ABSTRACT Complex networks are extensively applied to study the dynamics of real systems, such as how information spreads in social networks. Most existing spreading strategies are studied based on simple information spreading model, such as the optimized compartmental models in epidemics. However, for information spreading in social networks, more complex social factors should be considered. In this paper, we build an information spreading model that involves information decays and partial interactions based on multi-agent modeling in scale-free networks. The positive effects of a set of vertices on the spreading efficiency are discovered based on the proposed information spreading model. On the basis of the positive effects of those vertices, we propose an efficient spreading strategy for extending the spreading in scale-free networks. Ten groups of Monte Carlo experiments are conducted to verify the effectiveness of the proposed strategy. The experimental results demonstrated the effectiveness and validity of the proposed strategy. The proposed strategy can be exploited to extend the spread of warnings or control the spread of rumors in social networks.
I. INTRODUCTION
Complex networks are generally applied to analyze and study real complex systems [1] , such as computer networks [2] , [3] , biological systems [4] - [6] , the Internet of Things [7] - [9] , human interactions [10] - [12] , social networks [13] - [15] , and epidemic dissemination [16] , [17] . Moreover, information spreading, such as rumors, public opinions, and warnings, can also be studied by transforming the real systems into graphs that are composed of vertices and edges.
In many scenarios, information is expected to be diffused as rapidly as possible in a crowd, such as a warning of an evacuation in an emergency. However, due to the limited resources for controlling the information diffusion in a crowd [18] , persons are expected to communicate the information with each other in the crowd. Then, how to improve the spreading efficiency of the interacted communications among persons in the crowd?
To improve the spreading efficiency and extend the spreading in complex networks, extensive spreading strategies have
The associate editor coordinating the review of this manuscript and approving it for publication was Zhong-Ke Gao. been proposed. These proposed strategies can be divided into two categories, i.e., improving the spreading efficiency by (1) specifying the initial influential spreaders or (2) spreading the information to influential neighbors with priority. Generally, the vertices with large degrees are regarded as the influential spreaders for improving the spreading efficiency. Liu et al. [19] and Pei and Makse [20] indicated that the spreading efficiency would be improved when vertices preferentially spread the information to large-degree neighbors. Wang et al. [21] demonstrated that the spreading is more efficient when the large-degree vertices are specified as the initial spreaders. However, the important impact of smalldegree vertices on the spreading efficiency is gradually discovered by people. For example, Yang et al. [22] , [23] and Gao et al. [24] proposed an efficient strategy in which smalldegree neighbors are preferentially informed. Wang et al. [25] stated that the improvement of the spreading efficiency is more significant when the small-degree vertices are specified as the initial spreaders in assortative scale-free networks in which vertices with similar degrees tend to connect with each other. Zhou et al. [26] deemed that the preference for small-degree vertices is more efficient than that for largedegree vertices in the spreading process. Actually, compared with the small-degree vertices, the spreading rate is faster at the beginning when large-degree vertices are preferentially selected as the spreaders; however, the extended range of the spreading is less. The improvement of either the spreading rate or the extended range of the spreading (i.e., the number of informed vertices at the ending time) leads to more efficient spreading.
According to the above description, the important effects of the large-degree and the small-degree vertices have emerged in the process of information spreading. Their influence is studied based on the most simplified information spreading models, such as the SI model that cannot involve more complex factors of human interactions. The influence of spreaders could be affected in the scenarios that include more complex factors. In order to more reasonably analyse the complicated process of information spreading and study the optimal spreading strategy, due to human interactions should be considered in the information spreading model. Therefore, there is a question that which kind of complex factors should be considered in the information spreading process?
It is well known that the value of information would decay in the information spreading process [27] . Moreover, Huang et al. [28] considered that resources should be limited and the transmission would cost resources when spreading epidemics. Similarly, Zhang et al. [29] and Banerjee [30] agreed with the point that information spreading would involve transmission costs. Because of the transmission costs, an important characteristic emerges in the process of information spreading, i.e., only partial neighbors (i.e., some of connected vertices) could be informed in the process of the information spreading [31] - [34] , which is termed as Partial Interactions.
Some mechanisms are studied to build the information spreading model that involves the Partial Interactions. For example, Zhang et al. [29] incorporated that the number of interacting neighbors is proportional to the spreader's degree in their proposed theoretical model. Wu et al. [31] believed that the interests and activities in a group are the critical determining factors of the selected informational objectives. On this basis, the probabilities of diffusion would change based on the distances between the original source and potential targets. Because of the lack of the data related to their interests and activities, compared with the method proposed by Wu et al. [31] , the approach proposed by Zhang et al. [29] could be widely applied.
However, besides people prefer to spread information to their neighbors with similar degrees, the numbers of informed neighbors also differ for different people. People would measure which and how many neighbors should be informed according to their own situations, such as their resources, trust, relationships, and responsibilities.
In this paper, we build a multi-agent information spreading model that considers information decays and partial interactions between people in the process of information spreading in scale-free networks. Moreover, considering that the thresholds of trust for received information differ for different people, in the proposed model, the thresholds of trust for received information for different people are heterogeneous. In addition, considering that most social networks are scale-free networks, information spreading is simulated in five real scale-free complex networks. Furthermore, the significant influences of those medium degree vertices are discovered in the information spreading processes. According to the characteristics of the medium degree vertices, an efficient spreading strategy is proposed for extending the spreading. The experimental results verify the efficiency of the proposed spreading strategy.
The remainder of this paper is organized as follows. The proposed information spreading model is introduced in detail in Section II. Section III describes the proposed spreading strategy based on the proposed information spreading model in scale-free networks. Section IV introduces the designed experiments that assess the effectiveness of the proposed spreading strategy. Section V and Section VI present and discuss the experimental results. Section VII gives several conclusions.
II. INFORMATION SPREADING MODEL BASED ON MULTI-AGENT MODELLING
In this paper, the Multi-agent modeling method is applied to build the information spreading model in which the vertices would be active in three states, i.e., the Uninformed state, the Informed state, and the Spreading state (UIS model). Various complex factors of information spreading are involved in the proposed information spreading model, such as information decays, partial interactions, and the trust between vertices. We build the information spreading model using the software Anylogic [35] which is a multi-agent modeling platform based on Java. Please note that, to improve the simulation efficiency of experiments, in this model, a second is used as a unit of time.
As illustrated in Figure 1 , the process of information spreading is summarized as follows.
(1) At the beginning, all vertices are uninformed vertices, and several vertices would be initially informed. Those vertices would become the informed vertices immediately after they receive the information with initial values of 1. They are the initial spreaders in the complex network.
(2) An informed vertex would evaluate whether to spread the information to its neighbours.
Considering that vertices have different trust in their neighbors, the different Thresholds of the Information Value of vertices (TIV for short) are designed to reflect the trust between vertices and their neighbors. Please note that: (a) the TIV is the attribute of vertices and (b) the TIV of vertex i to j is not the same as the TIV of the vertex j to i. For example, as shown in Figure 2 vertex C and vertex A is different from the trust between vertex C and Vertex B, thus, t CA = t CB . Because of the trust between vertex C and vertex A could be different from the trust between vertex A and vertex C, thus, t CA = t AC . It is similar to vertex C and vertex B, i.e., t CB = t BC .
Moreover, due to that people always make selections or decisions by following a Normal probability distribution, as the declarations in [35] , [36] : The authors of reference [35] proposed a method to detect persons' abnormal opinions, and they found that individual users' neutral, happy and sad emotions obey the normal distribution. The authors of reference [36] mainly studied the problem of building real-life character behaviors, and after sampling, they have found that the expected time t of a person for deciding to do something follows the Gaussian distribution around time t. Therefore, in their model, they used the Gaussian probability distribution to generate more reasonable and dynamic actions. From above two references, it can be observed that, in most scenarios, people make decisions according to the Gaussian distribution, and the normal distribution is a typical Gaussian distribution. Thus, the thresholds of the information value of a vertex, such as t CA and t CB are configured as the variables that follow the Normal probability distribution of 0 to 1 (i.e., the normal distribution N(0.5, 1), the variables are in the range of 0 to 1).
Moreover, in reality, if a vertex always receives the same information from different neighbours, the vertex is more likely to believe the information. Considering this characteristic, a mechanism is designed to reflect this phenomenon. That is, for a vertex, the Information Values that are diffused by different neighbours would be Accumulated (AIV for short). For example, a person p receive the same information with the values of information v m and v n from his neighbours m and n, respectively. Then, the AIV of the person p is v m +v n .
Then, an informed vertex would believe and diffuse the information when the accumulated information value of this vertex is larger than its threshold of the information value (i.e., AIV > TIV). In contrast, the vertex would not diffuse the information when the accumulated information value of this vertex is no more than its threshold of the information value (i.e., AIV ≤ TIV).
(3) An informed vertex also would believe and diffuse the information if the vertex has received the same information several times from different persons, although the accumulated information value cannot meet its threshold of the information value (i.e., AIV ≤ TIV).
In reality, if a vertex has received the same information several times from different persons, the vertex could be curious and try to believe in the information, although its AIV does not meet its threshold of the information value. Considering this characteristic, a mechanism is designed to reflect this phenomenon. As illustrated in Figure 2 For a vertex, although the accumulated information value is smaller than its threshold of the information value, the vertex would believe and diffuse the information if the vertex has received the same information several times from different persons, and these values add up to a number that is larger than a specific threshold. The Thresholds of Informed Times of vertices (TIT for short) are designed to measure whether to diffuse the information, which is designed to include the variables that conform to the Uniform distribution of 1 to 4.
(4) The vertices that diffuse the information begin to spread the information to neighbours after a waiting time.
In reality, considering that time would be consumed when determining whether to spread the information. Therefore, for a spreader, before spreading the information, a waiting time is postulated to include the variables are range from 0 to 5. Similarly, the waiting time also follows a Normal probability distribution.
(5) Spreaders select which and how many neighbours to spread the information to according to their thresholds of the relative errors of the degrees.
For a spreader, in the process of diffusing information, considering that vertices prefer to spread the information to their neighbours with similar degrees [29] , first the relative errors between the degree of the spreader and the degrees of its neighbours are calculated. For example, for vertex i and j with degrees a and b respectively, the relative errors of their degrees is r = |a − b|/(a + b). Then, to measure the acceptable level of the relative error, thresholds of the relative error of vertices i and j are designed as criteria, i.e., t i and t j respectively. When r <= t i , for the vertex i, the relative error of their degrees is acceptable, vertex j is deemed as a similar neighbor by vertex i; and vertex i would communicate the information to vertex j, and vice versa. When r > t j , for the vertex j, the relative errors of their degrees is not acceptable, vertex i is not regarded as a similar neighbor by vertex j; and vertex j would not communicate the information to vertex i, and vice versa. Moreover, considering the heterogeneity among the numbers of informed neighbours of different spreaders, a Threshold of the Relative Error of a spreader (TRE for short) is designed by including the variables that conform to a Normal probability distribution of 0 to 1 (i.e., the normal distribution N(0.5, 1), the variables are in the range of 0 to 1).
Note that the TREs of a spreader are changed in different spreading processes. That means that the TREs of a spreader could be different when the spreader spreads the same information to different neighbours. This design is reasonable since, for different neighbours, a spreader could have different criteria to determine whether to spread information. According to the TREs, spreaders measure which and how many neighbours to which to spread the information.
(6) When the neighbours who are expected to be informed by vertices have been determined, spreaders begin to diffuse the information to those neighbours. Considering that spreading the information could consume some time, a delay time of 1 second is designed to model this phenomenon. Moreover, spreaders spread the information to neighbours according to spreading rates that conform to a Normal probability distribution of 0 to 1 (i.e., the normal distribution N(0.5, 1), the variables are in the range of 0 to 1).
Additionally, we consider that information would decay after a transmission. Thus, in the UIS model, the value of information would decrease after a transmission. The decay VOLUME 7, 2019 of the information value conforms to a Uniform distribution of 0 to 0.3 after a transmission.
In summary, the spreading process can be described as follows.
when ( 
III. PROPOSED SPREADING STRATEGY IN SCALE-FREE NETWORKS
According to the characteristics of our proposed UIS model, it can be observed that, as shown in Figure 3 , the vertices preferentially spread the information to its neighbours with similar degrees, and only partial neighbours could be informed. Then, to extend the spreading, spreaders are 3. Spreading characteristics in the UIS model. The diameters of the circles express the degrees of vertices, i.e., a large diameter represents the large degree of the vertex. For vertices a, b, c, and i, the differences between the degrees of them and the degree of vertex V are large, and vertex V cannot spread the information to them. In contrast, for vertices d, e, f, g, and h, the differences between the degrees of them and the degree of vertex V is small, which is acceptable, and vertex V would diffuse the information to them. The red solid connections represent the information interactions between vertices. The black dashed connections illustrate that there are no information interactions between vertices.
expected to spread to more neighbours. This means that the differences between degrees of spreaders and most of their neighbours are expected to be as small as possible. Moreover, because the value of information would decay in the UIS model, to improve the spreading efficiency, the spreading paths are expected to be as short as possible.
It is well known that scale-free networks exhibit most characteristics of social networks [3] . According to the Pareto Principle [37] , in scale-free networks, 20% of the vertices have 80% of the connections, and the other 80% of the vertices only have 20% of the connections. This means that social networks have significant heterogeneity since a small number of vertices have large degrees and a large number of vertices have small degrees. Related research work indicated that the degrees of the neighbours of vertices also follow a Power-law distribution [22] , as shown in Figure 4(a) . Traditionally, the large-degree vertices are deemed as the initially influential spreaders because of the greater number of connections they have. However, in the UIS model that includes partial interactions, as shown in Figure 4(a) , most of the neighbours with small degrees cannot be informed by large-degree vertices because of the large differences between their degrees.
In this case, the vertices whose degrees are close to most of the vertices in the scale-free networks could be more influential when extending the spreading, as shown in Figure 4(b) . In scale-free networks, almost 80% of the vertices have small degrees. Thus, as shown in Figure 4(c) , the vertices with medium degrees of those 80% small-degree vertices may be more suitable to be initially influential spreaders. Moreover, considering that (1) compared with the number of vertices whose degrees are before 60% in the list of degrees in descending order, the number of vertices whose degrees are after 60% in the list of degrees in descending order is larger; and (2) small-degree vertices have more difficulty being informed than the large-degree vertices [25] . Thus, we think that the best selected range of initial spreaders should start at 60% in the sorted sequence of degrees.
Furthermore, for the 80% small-degree vertices, because of the small differences between the degrees of those 80% smalldegree vertices and the spreaders, the short spreading paths of those 80% small-degree vertices could be achieved if those vertices with medium degrees among the 80% small-degree vertices are the initial spreaders.
According to the above analysis, we propose an efficient spreading strategy in the UIS model that considers information decays and partial interactions, i.e., specifying the vertices with medium degrees among the 80% small-degree vertices as the initial spreaders.
IV. EXPERIMENTAL DESIGN
To verify the effectiveness of our proposed spreading strategy, we simulate the spreading processes using different spreading strategies by exploiting the proposed model. And 10 groups of experiments are conducted in five real scale-free networks. Moreover, the configurations of the proposed model have been introduced in Section II, and except the spreading strategies, those configurations are constant in our simulations to avoid the impact of other factors on the spreading efficiency. The strategy that large-degree vertices are specified as the initial spreaders [21] is the benchmark strategy in our experiments.
Furthermore, the strategy [19] , [20] that large-degree neighbours are preferentially informed by spreaders is applied in the experiments. We think that this strategy could also be efficient in the UIS model. This is because, as illustrated in Figure 4(b) , the "large-degree "neighbours with priority for receiving information are the large-degree neighbours in the range of the acceptably informed objectives of the spreader. The differences between the degrees of the preferentially informed large-degree neighbours and most of the other uninformed vertices could not be large. More uninformed vertices could be informed by those "large-degree "vertices that have been informed because of the small difference of degrees between them. Moreover, information could be diffused more efficiently when a large-degree neighbor rather than a small-degree neighbor preferentially diffuses the information.
The experimental designs and information of the five real scale-free networks are listed in Table 1 .
As listed in Table 1 , the five real scale-free networks are selected according to different network sizes. Moreover, it can be observed that, those scale-free networks is assortative, i.e., in those scale-free networks, vertices tend to connect with the vertices with similar degrees. It serves to show that the assortativity of the No. 1 scale-free network is the smallest, and the assortativities of other scale-free networks are similar. Note that the assortativity of the five real scale-free networks is calculated according to the approach proposed by Newman [43] , as shown in Equation (1). where k i and k j are the respective degrees of vertices v i and v j that are linked by e ij , M denotes the total number of edges, and E denotes the set of all edges in the complex network. The number of initial spreaders in the benchmark and the proposed strategies is designed as the 10% of network size. This is, there are 101, 224, 297, 404, and 518 initial spreaders in the networks with 1005, 2236, 2971, 4039, and 5181, respectively. It should be noted that, except for the design of initial spreaders, other designs in our model using both the benchmark and proposed strategies are the same in our experiments.
Considering that the proposed strategy is primarily used to extend the spreading, the number of informed vertices at 900s is regarded as the metric that is exploited to measure the efficiency of the spreading. The pre-experiments have demonstrated that the spreading converges at 900s. That means, at 900s, no more vertices are informed. Moreover, to reduce the impact of randomness, Monte Carlo experiments are employed. In a Monte Carlo experiment, there are 1000 simulated spreading processes. Furthermore, to observe and evaluate the spreading efficiency in the spreading process, the numbers of informed vertices of the 1000 simulations at 2s, 3s, 4s, 5s, 6s, 10s, 15s, 25s, 50s, and 80s are also recorded.
V. RESULTS

A. SPREADING EFFICIENCY AT 900S WHEN USING THE BENCHMARK AND PROPOSED STRATEGIES
In a Monte Carlo experiment, 1000 simulations are conducted, and 1000 numbers of informed vertices at 900s are generated. In order to observe the spreading efficiency, for the spreading in the five scale-free networks when using the benchmark and proposed strategies, we generate the frequency distributions of the 1000 numbers of informed vertices at 900s in the 1000 simulations of a Monte Carlo experiment, as illustrated in Figure 4 . For each of the five scale-free networks, the frequency distributions of the numbers of informed vertices in the spreading when using the benchmark and proposed strategies are plotted in the same coordinate system. Moreover, for the 1000 numbers of informed vertices at 900s in a Monte Carlo experiment, the Mean, Standard Deviation, Minimum, and Maximum are calculated to assess the spreading efficiency when using the benchmark and the proposed strategies.
As shown in Figure 5 , the red line represents the frequency distributions of the 1000 numbers of informed vertices when using the proposed strategy; the blue line represents the frequency distributions of the 1000 numbers of informed vertices when using the benchmark strategy. It can be observed that the numbers of informed vertices when using the proposed strategy are significantly larger than those when using the benchmark strategy in the five real scale-free networks. The Mean, Minimum, and Maximum of the 1000 numbers of informed vertices show that the metrics are always larger when using the proposed strategy than those when using the benchmark strategy in the five real scale-free networks. This means that the proposed strategy is significantly more efficient and valid.
Moreover, with respect to the Standard Deviation (SD) of the 1000 numbers of informed vertices in the spreading when using the benchmark and proposed strategies, the SD when using the proposed strategy is significantly smaller than that when using the benchmark strategy. This means that the difference between the 1000 numbers of informed vertices in the spreading when using the proposed strategy is smaller and the difference when using the benchmark strategy is larger. The spreading is more stable when the SD of the 1000 numbers of informed vertices is smaller, i.e., the spreading is more efficient when the SD of the 1000 numbers of informed vertices is smaller. In summary, according to above analysis, the spreading when using the proposed strategy is significantly more efficient.
B. SPREADING EFFICIENCY IN SPREADING PROCESS WHEN USING THE BENCHMARK AND PROPOSED STRATEGIES
To evaluate the information spreading efficiency, the frequency distributions of the 1000 numbers of informed vertices in the spreading process at 2s, 3s, 4s, 5s, 6s, 10s, 15s, 25s, 50s, and 80s are generated, as illustrated in Figures 6 ∼ 10 .
The spreading is more efficient when the informed number is larger. Therefore, for the frequency distribution of the numbers of informed vertices, the improvement of the spreading efficiency is determined using the shapes of the frequency distributions. This means that the spreading is more efficient when (1) the maximum and minimum of the numbers of informed vertices on the x axis are larger, (2) the peak value of the percentage of informed numbers on the y axis is 95884 VOLUME 7, 2019 FIGURE 5. Frequency distributions of the informed numbers at 900s in the five real scale-free networks when using the benchmark and the proposed strategies.
larger, or (3) the range of the numbers of informed vertices on the x axis is smaller.
From Figure 6 (A), it can be observed that, in the No. 1 real scale-free network, when using the benchmark and proposed strategies, only the initial spreaders are informed in most simulations by 2 seconds, and the percentages of those simulations in which only the initial spreaders are informed are almost the same when using both strategies. However, it can also be observed that, for the simulations of the spreading that have been extended by the initial spreaders, the numbers of informed vertices in those simulations when using the benchmark strategy are larger than those when using the proposed strategy. This phenomenon is because the influence of the large-degree initial spreaders when using the benchmark strategy is stronger than the influence of the initial spreaders when using the proposed strategy at the start of the spreading. This means that the spreading when using the benchmark strategy is more efficient than that when using the proposed strategy at the start of the spreading. VOLUME 7, 2019 FIGURE 6. Frequency distributions of the numbers of informed vertices at 2s, 3s, 4s, 5s, 6s, 10s, 15s, 25s, 50s and 80s in the No. 1 real scale-free network.
FIGURE 7.
Frequency distributions of the numbers of informed vertices at 2s, 3s, 4s, 5s, 6s, 10s, 15s, 25s, 50s and 80s in the No. 2 real scale-free network. Figures 6(A) and 6(B) , it can be seen that the difference in the numbers of informed vertices when using the benchmark strategy is more significant than that when using the proposed strategy. Before 10 seconds, as shown in Figures 6(A) ∼ 6(F) , the spreading efficiency when using the proposed strategy is lower than that when using the benchmark strategy; however, the difference between the spreading efficiency when using the proposed and the benchmark strategies gradually decreases. At 15 seconds, as shown in Figure 6 (G), the spreading when using the proposed strategy is significantly more efficient than that when using the benchmark strategy. Compared with the spreading efficiency when using the proposed strategy at 15 seconds, there is a slight increase at 25 seconds. Furthermore, as shown in Figures 6(H) ∼ 6(J) , the spreading efficiency for both strategies is almost constant after 25 seconds. This is because the spreading when using the benchmark and proposed strategies converges at 25 seconds.
Moreover, from
From Figure 7(A) , similarly, in the No. 2 real scale-free network, the spreading when using the benchmark strategy is more efficient than that when using the proposed strategy at the start of the spreading. From Figures 7(B) ∼ 7(D) , the difference between the spreading efficiency when using the benchmark and proposed strategies significantly decreases. At 5 seconds, as shown in Figure 7(D) , the spreading when using the proposed strategy is more efficient than that when using the benchmark strategy. At 6 seconds, as shown in Figure 7 (E), the spreading when using the proposed strategy is significantly more efficient than that when using the benchmark strategy. From Figures 7(E) ∼ 7(G) , the peak value of the percentage of informed numbers in the spreading when using the proposed strategy gradually increases. In contrast, there is no significant increase when using the benchmark strategy. This means that the spreading efficiency when using the proposed strategy continually increases after 6 seconds. After 25 seconds, the spreading efficiency when 95886 VOLUME 7, 2019 FIGURE 8. Frequency distributions of the numbers of informed vertices at 2s, 3s, 4s, 5s, 6s, 10s, 15s, 25s, 50s and 80s in the No. 3 real scale-free network.
using the benchmark and proposed strategies is almost constant, i.e., the spreading when using both strategies converges at 25 seconds.
Similarly, as shown in Figure 8(A) , in the No. 3 real scale-free network, the spreading when using the benchmark strategy is more efficient than that when using the proposed strategy at the start of the spreading. Differently, compared with the spreading efficiency in Figures 6(A) and 7(A) , the difference between the spreading efficiency when using both strategies is more significant in Figure 8(A) . This could because the influence of the large-degree initial spreaders is stronger in the No. 3 real scale-free network. The evolution of the difference between the spreading efficiency when using both strategies can be observed in Figures 8(B) ∼ 8(E) . The spreading efficiency when using the proposed strategy gradually increases. At 6 seconds, the spreading when using the proposed strategy is more efficient than that when using the benchmark strategy. Similar to the spreading efficiency in Figures 7(F) and 7(G) , the spreading efficiency when using the proposed strategy gradually increases until 25 seconds. As shown in Figures 8(H) ∼ 8(J) , the spreading efficiency when using both the strategies are almost constant, i.e., the spreading when using both strategies converges at 25 seconds.
Compared with the difference between the spreading efficiency when using both strategies in Figure 7(D) , the difference between the spreading efficiency when using both the strategies in Figure 8(D) is smaller, and the improvement of the spreading efficiency when using the proposed strategy is more significant in Figure 7(D) . This could be because the influence of the large-degree vertices in the No. 3 real scalefree network is stronger, which causes the difference between the spreading efficiency when using the benchmark and proposed strategies to be small. At 6 seconds, the improvement of the spreading efficiency when using the proposed strategy is significant in both the No. 2 and No. 3 real scale-free networks. Figure 9 (A), it can be observed that, compared with the spreading efficiency in Figures 6(A), 7(A), and 8(A) , the spreading efficiency when using the benchmark strategy is only slightly higher than that when using the proposed strategy at the start of the spreading. This could be because the influence of the largedegree vertices in the No. 4 real scale-free network is weaker. Because of the weaker influence of the large-degree vertices in the No. 4 scale-free network, it can be observed in Figure 9 (C) that the difference between the spreading efficiency when using both the strategies is smaller than those in Figures 7(C) and 8(C) , and the improvement of the spreading efficiency when using the proposed strategy is more significant than those in Figures 7(C) and 8(C) .
As illustrated in
From Figures 9(B) ∼ 9(E), the decreased difference between the spreading efficiency when using both strategies is shown, which is similar to the spreading efficiency at 3s ∼ 6s in the No. 2 and No. 3 real scale-free networks. As shown in Figures 9(E) and 9(F) , the spreading when using the proposed strategy is significantly more efficient than that when using the benchmark strategy. Moreover, the spreading efficiency when using both strategies increases significantly at 15 seconds and only the spreading efficiency when using the proposed strategy increases continually at 25 seconds. Additionally, the spreading almost converges at 25 seconds, as shown in Figures 9(H) ∼ 9(J) .
From Figure 10(A) , in the No. 5 real scale-free network, similarly, the spreading when using the benchmark strategy is more efficient than that when using the proposed strategy at the start of the spreading. Moreover, it shows that the difference between the spreading efficiency when using both strategies is relatively larger, which leads to the weaker improvement of the spreading efficiency when using the proposed strategy at 4 and 5 seconds. However Figure 10(E) shows that the spreading when using the proposed strategy is more efficient than that when using the benchmark strategy. The evolution of the difference between the VOLUME 7, 2019 FIGURE 9. Frequency distributions of the numbers of informed vertices at 2s, 3s, 4s, 5s, 6s, 10s, 15s, 25s, 50s and 80s in the No. 4 real scale-free network. spreading efficiency when using both strategies is shown in Figures 10(B) ∼ 10(E) . Furthermore, the spreading efficiency when using the proposed strategy continuously improves until 15 seconds. There no significant improvement in the spreading efficiency when using both the strategies after 15 seconds. This means that the spreading has converged after 15 seconds.
From Figures 6 ∼ 10 , we see that, except for the No. 1 scale-free network, at 6 seconds, the improvement of the spreading efficiency when using the proposed strategy is significant in the other scale-free networks. This is caused by the impact of the assortativity in scale-free networks. Vertices are more likely to link with vertices with similar degrees in the network with large assortativity. Thus, for large-degree vertices in the scale-free networks, they tend to connect to the large-degree vertices. However, there are small numbers of large-degree vertices in the scale-free networks, which leads to the phenomenon that the information cannot be diffused to most vertices in the scale-free networks. In contrast, for the vertices with medium degrees among the 80% small-degree vertices, they are connected by more small-degree vertices in the scale-free network with large assortativity, which results in the fact that more small-degree vertices can be informed. This shows that the proposed strategy is more suitable to be applied in the scale-free networks with large assortativity.
Additionally, it can be observed the spreading when using the proposed strategy is not very efficient at the start of the spreading. This is reasonable since the influence of largedegree vertices cannot be ignored or replaced. However, from the perspective of extending the spreading, the proposed strategy is more efficient.
VI. DISCUSSION A. ADVANTAGES OF THE PROPOSED STRATEGY
In this paper, the proposed information spreading model (UIS model) involves various complex factors in real human interactions, such as information decays, partial interactions, and heterogeneous trust between vertices. On the basis of the proposed UIS model, the important effects of those vertices with medium degrees among the 80% small-degree vertices on the spreading efficiency are discovered in the scale-free networks. An efficient strategy for extending the spreading is proposed. The essential idea behind the proposed spreading strategy is to specify the top 60 ∼ 70% of vertices in the vertex list that is sorted by degrees as the initial spreaders. Because of the small differences between those initial spreaders and most small-degree vertices, a large number of small-degree vertices can be efficiently informed.
The experimental results indicate that the proposed strategy is efficient. In particular, in scale-free networks with large assortativity, the improvement of the spreading efficiency when using the proposed strategy is more significant. Moreover, the experimental results demonstrated that the spreading is more stable when using the proposed strategy, i.e., the impact of randomness on the spreading efficiency is small when using the proposed strategy.
B. THE SHORTCOMING OF THE PROPOSED STRATEGY
However, the spreading is not always efficient when using the proposed strategy in the spreading process. At the start of the spreading, the spreading when using the benchmark strategy in which the large-degree vertices are the initial spreaders is more efficient. However, the improvement of the spreading efficiency when using the proposed strategy gradually increases. In the five real scale-free networks, at 15 seconds, the spreading when using the proposed strategy is significantly more efficient in all scale-free networks. Furthermore, because of the lower assortativity of the No. 1 scale-free network, except for the No. 1 scale-free network, at 6 seconds, the spreading when using the proposed strategy is significantly more efficient in the other scale-free networks. This means that, from the perspective of spreading extension, the proposed strategy is obviously efficient.
In this paper, we did not use the proposed strategy in reference [25] as a comparative strategy in our experiments, this is because that: (1) in the reference [25] , three strategies are compared with the proposed strategy in an information spreading model without the considerations of the information decay and partial interactions; (2) we have introduced in this paper, when considering the information decay and partial interactions, the differences between the degrees of spreaders and most of their neighbours are expected to be VOLUME 7, 2019 as possible as small, and the spreading paths are expected to be as short as possible. Theoretically, the strategy that the top small-degree vertices are specified as the initial spreaders is not suitably applied in this scenario. The top small-degree vertices have the smallest degrees in the complex network, they cannot spread many other vertices in a short path. Moreover, because they are the vertices with the smallest degrees in the complex network, they could be the vertices with the degree 0 or 1, their degrees are too small, although most vertices have small degrees, they also cannot meet the condition that the differences between the degrees of spreaders and most of their neighbours are expected to be as possible as small; (3) in this paper, we have analyzed the spreading efficiency in the spreading process. And it has been shown that because the degrees of the initial spreaders in the proposed strategy have smaller degrees than that in the benchmark strategy, thus, the spreading efficiency cannot be improved using the proposed strategy at the beginning of spreading. This phenomenon would be more obvious if the vertices with the smallest degrees are specified as the initial spreaders. This is also a shortcoming of the proposed strategies in the reference [25] and this paper (we have discussed this point in the above paragraph), although from the perspective of spreading extension, the proposed strategies in the reference [25] and this paper are efficient.
According to the above characteristic of the spreading process, the strategy that combines the benchmark and the proposed strategies, i.e., the benchmark strategy is used at the beginning of spreading and the proposed strategy is applied at the process of spreading, could be more efficient. To verify the effectiveness of the above idea, more experiments need to be conducted in the future.
C. APPLICABILITY OF THE PROPOSED STRATEGY
In this paper, five real networks are used in our experiments, they are collected from the data of email sending records or social relationships from Facebook. The five real networks reflect the real interactions between people in real society. The degree distributions of the five real networks are plotted in Figure 11 . Furthermore, the degree distributions of the five real networks are fitted according to the Powerlaw distribution (see Equation (2)) of the classical scale-free networks. It can be observed that, the degree distributions of all five networks can be fitted successfully according to the Equation (2), however, the values of parameters and the R 2 (COD) of fitting curves are different for different networks, especially, the degree distributions of the real networks with the size 2236 and 2971 are significantly different from others (the R 2 (COD) reflects the discrete degree of original data and fitting data). This is reasonable, the degree distributions of the five real networks present a characteristic of the Powerlaw, and not all social networks completely conform to the classical Power-law distributions.
We verify the effectiveness of our proposed strategy in the five real scale-free networks that have significant differences of structures, and the experimental results examined the validity of the proposed strategy in the five real networks. This phenomenon presents that our proposed method have a strong applicability on improving the spreading efficiency in social networks.
VII. CONCLUSION
In this paper, we build an information spreading model that considers information decays and partial interactions based on multi-agent modeling in scale-free networks. The proposed information spreading model involves various complex factors in real human interactions, such as information decays, partial interactions, and heterogeneous trust between vertices. On the basis of the proposed information spreading model, we propose an efficient spreading strategy for extending the spreading, i.e., specifying the top 60∼ 70% of vertices in the vertex list that is sorted by degrees as the initial spreaders. Ten groups of Monte Carlo experiments are conducted in the five real scale-free networks. The experimental results demonstrated the effectiveness of the proposed spreading strategy. Furthermore, the spreading when using the proposed strategy is more stable. Although the spreading efficiency when using the proposed strategy is not the most efficient, from the perspective of extending the spreading, the spreading has been significantly extended when using the proposed strategy. That is, more vertices can be informed when using the proposed strategy. To further improve the spreading efficiency, the strategy that combines the benchmark and the proposed strategies would be further explored in the future.
